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Background: Atherosclerosis evaluation by coronary computed tomography angiography (CCTA) is promising for
coronary artery disease (CAD) risk stratification, but time consuming and requires high expertise. Artificial In-
telligence (AI) applied to CCTA for comprehensive CAD assessment may overcome these limitations. We hy-
pothesized AI aided analysis allows for rapid, accurate evaluation of vessel morphology and stenosis.
Methods: This was a multi-site study of 232 patients undergoing CCTA. Studies were analyzed by FDA-cleared
software service that performs AI-driven coronary artery segmentation and labeling, lumen and vessel wall
determination, plaque quantification and characterization with comparison to ground truth of consensus by three
L3 readers. CCTAs were analyzed for: % maximal diameter stenosis, plaque volume and composition, presence of
high-risk plaque and Coronary Artery Disease Reporting & Data System (CAD-RADS) category.
Results: AI performance was excellent for accuracy, sensitivity, specificity, positive predictive value and negative
predictive value as follows: >70% stenosis: 99.7%, 90.9%, 99.8%, 93.3%, 99.9%, respectively; >50% stenosis:
94.8%, 80.0%, 97.0, 80.0%, 97.0%, respectively. Bland-Altman plots depict agreement between expert reader and
AI determined maximal diameter stenosis for per-vessel (mean difference 0.8%; 95% CI 13.8% to 15.3%) and
per-patient (mean difference 2.3%; 95% CI 15.8% to 20.4%). L3 and AI agreed within one CAD-RADS category
in 228/232 (98.3%) exams per-patient and 923/924 (99.9%) vessels on a per-vessel basis. There was a wide range
of atherosclerosis in the coronary artery territories assessed by AI when stratified by CAD-RADS distribution.
Conclusions: AI-aided approach to CCTA interpretation determines coronary stenosis and CAD-RADS category in
close agreement with consensus of L3 expert readers. There was a wide range of atherosclerosis identified through
AI.1. Introduction
Cardiovascular disease remains the leading cause of morbidity and
mortality globally, accounting for an estimated 18 million deaths annu-
ally.1 Coronary computed tomography angiography (CCTA) has emerged
as a front line approach for assessment of coronary artery stenosis
severity, with its application encouraged for use in professional societal
guidance documents and appropriate use criteria. Further, CCTA enables
early identification of atherosclerosis and high risk plaque features, as
well as non-invasive guidance for use of preventive therapies in a manner
that improves patient outcomes.2–7 While atherosclerosis quantificationUniversity School of Medicine, 2
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quantitative CCTA analysis of atherosclerosis requires high expertise and
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Recently, advancements in data science and computational process-
ing power now enable application of deep learning frameworks applied
to CCTA images for enhanced automation.10–15 We hypothesized that
AI-aided analysis would allow for rapid, accurate evaluation of vessel
morphology and stenosis when compared to consensus of Level 3 (L3)
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FDA Food and Drug Administration
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LM Left Main
LAD Left Anterior Descending
LCx Left Circumflex
RCA Right Coronary Artery
L3 Level 3
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analysis.
2. Methods
Study Design. We identified patients undergoing CCTA for acute and
stable chest pain at high-volume expert centers of excellence in cardiac
CT to include The George Washington University Hospital Washington
D.C., Centro Hospitalar Universitario de Lisboa Central, Lisbon, Portugal,
and the Cardiovascular Medical Group (CVMG) and Cardiovascular
Research Foundation of Southern California (CVRF), Beverly Hills, Cal-
ifornia. We excluded exams (J.P.E.) with incomplete data, significant
artifacts, poor enhancement, stents or bypass grafts (Appendix A, Sup-
plemental Figure 1). We recorded age, gender, body mass index (BMI),
hypertension, hyperlipidemia, diabetes, smoking history, family history
of coronary artery disease (CAD), statin, antiplatelet therapy, and use of
beta-blockers. The study was approved by the GWU Institutional Review
Board with a waiver of individual consent.
CCTA Scan Acquisition. CCTA scans were performed on a 64-MDCT
General Electric VCT (General Electric Healthcare, Milwaukee, Wiscon-
sin; CVMG), and a 128-DSCT Siemens FLASH (Siemens Healthcare,
Erlangen, Germany; GWU and Hospital de Santa Marta). Acquisition
techniques included prospective and retrospective gating based upon
institutional protocols. Iterative reconstruction was used on the DSCT
scanners but not on the CVMG VCT. Patients received beta blockade,
nitroglycerin and iodinated contrast in accordance with institutional and
Society of Cardiovascular Computed Tomography guidelines.16 Exams
were reconstructed in 5–10% increments.
Artificial Intelligence Segmentation and Plaque Quantification. CCTA
studies were uploaded to and analyzed by FDA-cleared software Cleerly
LABS (Cleerly, New York, New York).17,18 The three sites contributing
cases were not used for software development or validation. This study is
an investigator initiated study and Cleerly had no role in the study design
or performance. Cleerly performed AI-aided CCTA analyses for the study
in a blinded manner, and provided statistical services as determined and
requested by study investigators.
This is an AI-aided approach (Central Illustration) that performs
automated analysis of CCTA using a series of validated convolutional
neural network models (including VGG 19 network, 3D U-Net and VGG
Network Variant) for image quality assessment, coronary segmentation
and labeling, lumen wall evaluation and vessel contour determination
and plaque characterization.10,19 A full graphical representation of the
algorithm with validation details is presented in Appendix B. First, the
AI-aided approach leverages 2 deep convolutional neural networks to
produce a centerline along the length of the vessel, and then for lumen2
and outer vessel wall contouring. This approach is applied to multiple
phases/series of the CCTA examination, if present, and enables
phase-specific evaluation at the coronary segment vessel. The algorithm
reviewed all series and determined the top 2 optimal series for further
analysis including vessel and lumen segmentation, plaque, and stenosis
quantification. The algorithm rank-orders all available phases for the
segmentation of the arteries. It then uses the top two phases interactively
on a per vessel basis, e.g., the right coronary artery (RCA) will be
reconstructed from the phase which yields the highest RCA image
quality, while the posterior descending artery (PDA) may come from the
second phase if the PDA has a higher image quality on that phase. Once
coronary artery segmentation is performed, an automated labeling is
done to classify arteries by their location as well the proximal, mid and
distal portions within a single vessel. The AI further allows for defining of
coronary artery lesions (i.e., those areas where plaque is present). Uti-
lizing a normal proximal reference vessel cross-sectional slide, the start
and the end of the lesion, and the cross-sectional slice that demonstrates
the greatest absolute narrowing, % diameter stenosis severity is auto-
matically calculated. The software determines the start and end of lesions
and drops stenosis markers at the region of the highest stenosis. Within
coronary artery lesions, plaque is quantified in a similar fashion, and
further characterized as low-attenuation non-calcified plaque,
non-calcified plaque and calcified plaque based upon Hounsfield unit
(HU) densities of <30, 189 to 350, >350, respectively. Positive arterial
remodeling was identified as a remodeling index 1.10 by diameter
when compared to a proximal vessel reference. We used a coronary ar-
tery territory-based analysis which included the left main (LM), left
anterior descending (LAD) including diagonals and ramus intermedius,
left circumflex (LCx) including obtuse marginals and left-posterior
descending and posterolateral branches, and RCA including right
posterolateral and PDA. For each territory we recorded vessel length,
vessel volume, lumen volume, total plaque volume, calcified plaque
volume, noncalcified plaque volume, low density noncalcified plaque
volume, maximum diameter and area stenosis, and maximum remodel-
ing index. After the AI algorithm has finished all operations, as mandated
by the FDA, a quality control cardiac CT trained technician reviews the
results of the AI analysis in all cases with manual adjustment if necessary.
The QA process included visual inspection of the lumen and vessel
boundaries on the straightened multiplanar reformat views of all vessels
1.5 mm and larger, as well as every cross-section of each of these vessels,
placed at contiguous 0.25 mm increments.
The time from CT data upload until AI processing completion was
recorded. We also recorded time for technician or physician quality
assurance review and generation of a final report. Finally, CAD-RADS
category was scored based upon maximum percent stenosis in accor-
dance with the guidance document.20 When there was 0% diameter
stenosis but plaque was present, CAD-RADS category was recorded as 1
per CAD-RADS guidelines.
Level 3 Expert Reads. Three advanced imaging attending physicians
who were Level 3 (L3) readers, ranging from 7 to 17 years’ experience,
performed blinded assessment of CCTA. A consensus of their individual
reads represented ground truth for the study. Each reader read each case
independently and in distinct reading sessions. The readers interpreted
the original dataset and chose phases independent of the AI image seg-
mentation. After independent reading sessions, the disagreements were
analyzed. The consensus percent diameter stenosis was the mathematical
average of the three independent reader determined stenoses. For
discrete variables, such as plaque volume which was scored from 0 to 5, if
two of the three readers agreed then that value was used. If all three
readers disagreed, then the readers came together to reanalyze and
adjudicate the differences.
Readers recorded the following on a territory basis: CAD-RADS
category and maximum diameter stenosis. In accordance with SCCT
CAD-RADS and SCCT reporting guidelines, L3 readers stenosis was
assessed by qualitative visual assessment and recorded in 10% in-
crements.21 Readers recorded presence or absence of high risk plaque
Fig. 1. Contingency Tables of Level 3 Reader versus AI CAD-RADS scores.
On a per vessel and per patient basis, L3 and AI depicted 98.3% agreement
within 1 CAD-RADS category per patient and 99.9% per vessel. The most
common misclassification was expert consensus CAD-RADS 0 and AI CAD-RADS
1 (n ¼ 31 10.0% per patient, n ¼ 161 17.4% per vessel). The weighted kappa is
0.72 per vessel and 0.82 per patient.
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Statistical Analysis. The consistency of the L3 categorization of CAD-
RADS and AI-enabled CAD-RADS was assessed by evaluating correla-
tion and numeric agreement. This was done for readers individually
versus AI; as well as L3 consensus read versus AI, for scores generated per
patient and per vessel. Spearman's correlation coefficient was used to
assess correlation, weighted kappa statistic measured agreement.
L3 readers determined maximum diameter stenosis was compared
with AI stenosis on a per-patient and per-vessel basis. Correlation and
numeric agreement were assessed. The Pearson correlation coefficient
was used to evaluate correlation, linear regression plots were generated
for visualization of the relationship. Bland-Altman plots with limits of
agreement was performed. Diagnostic performance of AI vs L3 was
assessed through diagnostic accuracy, sensitivity, specificity, positive
and negative predictive values at both >50% and >70% stenosis
thresholds on per vessel and per patient basis.
Readers determined presence of two high risk plaque features—low
attenuation plaque <30 Hounsfield units (HU) and positive arterial
remodeling with a remodeling index 1.10 by diameter—with this
analysis compared with AI on per vessel and per patient basis. This binary
outcome was compared by calculating the percent agreement and kappa
statistic.
3. Results
Demographics and Analysis Time. Demographic and AI analysis time
data is depicted in Table 1. The study population consisted of n ¼ 232
patients, mean age 60  12 years, 37% female, 61% with hypertension,
69% with hyperlipidemia and 38% smokers. The AI analysis time was
rapid at 9.7  3.2 min. AI analysis plus quality assurance analysis and
report generation was 23.7  6.4 min (Table 1).
CAD-RADS Categorization. Fig. 1 depicts consensus reads versus AI
results. Overall, 182/232 (78.0%) had CAD-RADS categorical agreement,
228/232(98.3%) agreed within one category. The most frequent
disagreement occurred with expert consensus CAD-RADS 0 and AI CAD-
RADS 1 (n¼ 29 12.5% per patient, n¼ 161 17.4% per vessel). To further
evaluate L3 consensus vs AI for a collated mild-moderate versus severe
stenosis categories, at a threshold for potential interventional treatment
(>70% stenosis), we evaluated CAD-RADS 0–3 and CAD-RADS 4–5 to
assess accuracy and found only 1 case of discrepancy on either a per-Table 1
Demographics and AI analysis data.
Demographics and AI Analysis Data (n ¼ 232)
Variable N (%)
Age  SD 60  12 years
Female Sex, Mean (%) 86 (37)
Body Mass Index (BMI)  SD 27.5  6 kg/m2
Hypertension, n (%) 142 (61)
Hyperlipidemia, n (%) 161 (69)
Diabetes Mellitus, n (%) 67 (29)
Smoking, n (%) 88 (38)
Family History of Coronary Artery Disease, n (%) 116 (35)
Statin therapy, n (%) 159 (68)
Antiplatelet therapy, n (%) 84 (36)
Beta-Blocker therapy, n (%) 58 (25)




AI Analysis Series available, mean  SD minutes 3.6  1.6
(Range 1–10)
AI Analysis Time, mean  SD minutes 9.7  3.2
AI Analysis þ QA analysis and report generation, mean  SD
minutes
23.7  6.4
a Coronary artery calcium score by the Agatston method was available for 147
of the 232 (63%) of patients as one of the sites does not routinely perform non-
contrast calcium scoring prior to CCTA.
3
vessel or per-patient basis respectively with >99% category agreement
for these thresholds (Appendix A, Supplement Figure 2). Example case of
discordance is shown in Appendix A, Supplement Figure 3. There were
33 discordant cases with L3 CAD-RADS 0, AI detected non-negligible
plaque without stenosis in 26/33 (78.7%) and nonsignificant stenosis
in 7/33 (21.2%) (mean 2.6%  8%, range 0–31%).
The weighted kappa coefficient between readers and AI was higher
for consensus (0.812) than individual readers (0.781, 0.606, and 0.729)
per patient and per vessel (consensus 0.723; readers 0.689, 0.566 and
0.670). There was high degree of agreement between readers and AI,
weighted kappa value was greater for consensus reads (0.812) than in-
dividual L3 readers (0.781, 0.606, and 0.728) per patient and per vessel
(consensus 0.723; readers 0.689, 0.566 and 0.670). Discordance was
primarily seen for minimal and mild (<25%) diameter stenoses.
Maximal Diameter Stenosis. Diagnostic performance of AI compared to
L3 consensus was excellent (Table 2). Example case is shown in Fig. 2. A
non-zero stenosis was depicted in 182/232 (78.8%) studies by readers
and 154/232 (66.7%) by AI. In 32 cases of AI “no stenosis,” L3 consensus
reads depicted stenoses (mean 5.0  4.4%, range 2–18%); in 4 cases of
consensus reader “zero stenosis,” AI depicted stenoses (mean 9.8 6.7%,
range 1–20%). In 86% of cases, AI quantified stenosis severity was within
10% of L3 consensus.
There was high agreement between L3 consensus and AI percent
maximal stenosis (Fig. 3). The Intraclass correlation coefficient between
readers and AI was higher for consensus L3 reads (0.91) than individual
L3 readers (0.90, 0.80, and 0.85) per vessel and per patient (consensus
0.93, readers 0.92, 0.83 and 0.87). Linear regression depicted a close
relationship between reader and AI stenosis (Fig. 3). Bland-Altman plots
depicted close mean differences between L3 consensus and AI with mean
difference of () 0.8% per-vessel and () 2.3% per-patient (Fig. 3).
Atherosclerotic Plaque Volume and Characterization. Non-negligible
plaque (>3 mm3) was detected by AI in 170/232 (73.2%) RCA, 154/
228 (67.5%) LM, 196/232 (84.5%) LAD, and 150/232 (64.7%) LCx.
There was a wide range of plaque when stratified by CAD-RADS
Table 2
Diagnostic performance of Artificial Intelligence vs Level 3 Expert Consensus. The diagnostic performance of the artificial intelligence reads was calculated using
Level 3 expert consensus reads as a gold standard, generating high diagnostic accuracy, sensitivity, specificity, positive and negative predictive values at both>50% and
>70% stenosis thresholds on both a per vessel and per patient basis.
Diagnostic performance
Threshold Basis Reader % Agree Sensitivity Specificity PPV NPV
>50%
per vessel 1 97.6% 83.3% 98.1% 59.5% 99.4%
2 96.2% 61.1% 97.8% 52.4% 98.4%
3 95.8% 55.8% 98.5% 69.0% 97.4%
Consensus 97.5% 77.1% 98.3% 64.3% 99.1%
per patient 1 94.4% 84.0% 95.7% 70.0% 98.0%
2 91.4% 67.9% 94.6% 63.3% 95.5%
3 91.4% 61.9% 97.9% 86.7% 92.1%
Consensus 94.8% 80.0% 97.0% 80.0% 97.0%
>70%
per vessel 1 99.7% 90.9% 99.8% 83.3% 99.9%
2 99.2% 71.4% 99.8% 83.3% 99.6%
3 98.8% 62.5% 99.8% 83.3% 99.3%
Consensus 99.7% 90.9% 99.8% 83.3% 99.9%
per patient 1 99.1% 88.9% 99.6% 88.9% 99.6%
2 97.8% 66.7% 99.5% 88.9% 98.2%
3 97.4% 61.5% 99.5% 88.9% 97.8%
Consensus 99.1% 88.9% 99.6% 88.9% 99.6%
Fig. 2. Example Case of Consensus Between
Artificial Intelligence and Level 3. Example of a
study depicting excellent agreement between
maximal percent diameter stenosis in a 53-year-
old make with exertional chest pain. On the left
readers using a curved multiplanar reformat
(cMPR) of the RCA determined a consensus ste-
nosis of 26%, the straightened MPR to its right
with colored plaque overlay (in blue and yellow)
generated by AI found 35% maximal stenosis. In
the middle the cMPR used by readers determined
55% stenosis of the left main and 53% of the LAD,
AI to its right with colored plaque overlay (in
blue and yellow) by AI found 53 and 47%
respectively. On the right the cMPR used by
readers determined 24% stenosis of the left
circumflex, AI with colored plaque overlay (in
blue and yellow) by AI determined 34%. (For
interpretation of the references to color in this
figure legend, the reader is referred to the Web
version of this article.)
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A, Supplemental Figure 4). Full evaluation of atherosclerotic plaque
volume and plaque composition are provided in Appendix A, Supple-
mental Table 1.
Presence of High Risk Plaque Features. High risk plaque features were
found in 49/232 (21.1%) patients using AI and in 31/232 (13.4%) by
consensus expert reads which had an 82% agreement. The kappa statistic
was highest for consensus reads (0.372) than it was for individual readers
(0.363, 0.364, and 0.313), although the correlation remained fair.
4. Discussion
This multicenter study represents the first external validation of a
novel, FDA-cleared AI-aided approach for evaluation of CCTA vessel
morphology, stenosis in comparison to ground truth of consensus of L3
expert readers. AI demonstrated high correlation to L3 consensus for
determination of CCTA maximum % stenosis severity and CADRADS
score. The AI determined percent diameter stenosis had stronger corre-
lation to L3 consensus than to any individual reader. AI rapidly4
performed whole heart atherosclerosis plaque volume quantification to
include full automated vessel segmentation and labeling, with identifi-
cation of plaque more often than L3 readers. Further, AI detected and
quantified high risk plaque characteristics including low attenuation
plaque and high risk plaque characteristics more often than L3 readers.
The AI analysis was performed rapidly, with a mean time of under 10min
that totaled under 24 min after including FDA mandated quality analysis
and reporting time.
AI-enabled CCTA to improve interpretation and reduce downstream
testing. Multiple studies—including the recent SCOT-Heart Trial 5-year
analysis—have demonstrated that a CCTA guided approach to stable
chest pain reduces downstream testing and significantly lowers cardio-
vascular events.4,22,23 Yet, heterogeneity in real-world interpretation of
CCTA may lead to overestimation of coronary stenosis and increased
unnecessary testing, thus mitigating the potential benefits of a
CCTA-guided approach. Analysis of the PROMISE trial revealed that core
laboratory interpretation classified 41% fewer patients with significant
CAD when compared to site interpretation – an important issue when
considering that 42% of CCTA at local sites were read by less experienced
Fig. 3. Linear regression and Bland-Altman of Level 3 Consensus vs Artificial Intelligence. Linear regression plots depicted a close relationship between reader
and AI diameter stenosis on both a per patient and per vessel basis. Bland-Altman plots depict very good numeric agreement between expert reader and AI determined
maximal diameter stenosis for per-vessel (mean difference 0.8%; 95% CI 13.8% to 15.3%) and per-patient (mean difference 2.3%; 95% CI 15.8% to 20.4%). The
intraclass correlation is 0.91 for per-vessel and 0.93 for per-patient evaluation.
A.D. Choi et al. Journal of Cardiovascular Computed Tomography xxx (xxxx) xxxlevel II readers.24 Use of this novel rapid AI-enabled approach may aid in
significantly improving the use and performance of CCTA by local clin-
ical readers to better implement international guidelines.6,25
CAD-RADS Assessment by AI. Using CAD-RADS as a framework for AI
to compare to current clinical standard of care. The 98% agreement
within 1 CAD-RADS category on a per-patient basis and 99.9% on a per-
vessel basis with a mean difference of about 0.6–2.2% offers confidence
that this approach provides a reasonable estimation of stenosis severity
through the current clinical CAD-RADS standard. Our further analysis on
a maximum stenosis basis allows for a threshold utilized in clinical
practice that belies decision making for invasive angiography and po-
tential revascularization decisions. A negative predictive value for>70%
stenosis threshold of 99% offers confidence that the AI approach does not
miss any major obstructive disease.
Role of atherosclerosis plaque quantification by CCTA. Beyond stenosis,
an advanced understanding of atherosclerosis has evolved from pre-
dicting myocardial infarction via individual high-risk plaques to a
contemporary understanding of the importance of quantitative plaque5
burden and type. The Providing Regional Observations to Study Pre-
dictors of Events in the Coronary Tree (PROSPECT) trial employed
intravascular ultrasound (IVUS) to identify plaque components including
dense calcium, necrotic core, fibrofatty tissue or fibrous tissue; and found
that these contributed to the 20% of patients with recurrent major
adverse cardiovascular events.26 However, use of IVUS was associated
with serious adverse events including coronary dissection and
perforation.
In contrast, noninvasive imaging through CCTA allows for compre-
hensive evaluation of plaque components and composition, but evalua-
tion is time-consuming and requires high expertise limiting its
application in clinical practice.27–32 In the case:control Incident Coronary
Syndromes Identified by Computed Tomography (ICONIC) study,
semi-automated plaque quantitative analysis (Medis Medical Imaging,
Leiden, Netherlands) to identify constituents of atherosclerosis was per-
formed to identify those that are associated with future acute coronary
syndrome. In this study, future ACS was associated with specific plaque
characteristics, most significantly the burden of low attenuation
A.D. Choi et al. Journal of Cardiovascular Computed Tomography xxx (xxxx) xxxplaque.33
Progression of atherosclerosis plaque determined by CTA (PARA-
DIGM) evaluated the long-term effects of statin therapy on atheroscle-
rosis, and employed CCTA for quantifying disease progression rates of
fibrous and fibro-fatty percent atheroma volume. Importantly, rate of
progression of non-calcified plaque (fibrous, fibro-fatty and necrotic
care) was found to be slower in statin taking than statin-naïve
patients.34–36 Analysis of the SCOT-Heart trial used semiautomatic soft-
ware to quantify stenosis and plaque and found that low attenuation
plaque burden was the strongest predictor of fatal or nonfatal myocardial
infarction irrespective of risk score, Agatston score or obstructive coro-
nary disease.4,37
Machine Learning Applied to CCTA. Recent studies have begun to
evaluate individual aspects of AI-enabled plaque quantification, though
few of these solutions are currently available clinically. Zreik et al. used a
multitask recurrent convolutional neural network in n ¼ 166 for auto-
matic characterization of plaque.38 They achieved a linearly weighted
kappa of 0.68, 0.66 and 0.67 at the segment, artery and patient-level for
the binary presence or absence of non-calcified, mixed and calcified
plaque. Kang et al. used a support vector machine (SVM) learning algo-
rithms in a small number of datasets (n ¼ 42) for detection of plaque for
lesions a simplistic severity of25% in comparison to experienced expert
consensus readers and reported accuracy of 94%.39
This present study takes this previous work and extends it through a
novel end-to-end solution that automates plaque analysis and provides
rapid graphical output of plaque components. Plaque quantification is
challenging owing to the need for selection of the best imaging phase,
determining the appropriate center line segmentation, which may take
thousands of data points, understanding vessel morphology and con-
touring, setting thresholds for appropriate plaque components, differ-
entiating coronary from non-coronary structures and providing direct
quantification of both stenosis and volume of plaque components. Stan-
dards for plaque quantification are currently under development by
medical societies.
Atherosclerosis Assessment by AI. Beyond stenosis evaluation, the most
common areas of disagreement between L3 and AI was for atheroscle-
rosis identified in the CAD-RADS 1 range. As shown by an example case
of discordance in Supplemental Figure 3, AI depicted 82 mm3 of
atherosclerotic plaque that was not identified by the L3 expert consensus.
While large studies of prognosis have demonstrated the important of non-
obstructive atherosclerosis, the prognostic significance of this AI quan-
tified plaque remains an area of further study.40 The degree of athero-
sclerotic plaque quantified by AI in the present cohort is consistent with
prior analysis. An AI approach may provide a means of providing a
reliable means of standardization for plaque quantification while
providing superior risk stratification when compared to current models,
however the studied AI-aided approach in the current study requires
further validation to an invasive ultrasound gold standard.41,42
Limitations. Ground truth in this present study was the consensus of 3
L3 readers without validation to invasive approaches (eg IVUS or optical
coherence tomography). Only 15% of studied population of consecutive
chest pain patients had anatomically obstructive stenosis. Ongoing study
will evaluate AI stenosis to patients referred to invasive angiography. A
guideline based reference standard for CCTA atherosclerosis quantifica-
tion was not available to include in this study and is currently under
development by medical societies. In addition, an ongoing multicenter
study is examining the diagnostic performance of this AI-enabled
approach to quantitative coronary angiography, IVUS and optical
coherence tomography; examination of those results will further estab-
lish the role of AI in CCTA imaging. AI was not performed in CCTA
studies of poor image quality deemed uninterpretable by L3 readers. The
prognostic significance of atherosclerotic plaque quantified by AI is un-
known. Established HU thresholds for plaque characterization were uti-
lized without adjustment, in the absence of a standardized methodology,
for high luminal contrast enhancement.6
5. Conclusions
This study presents a novel, AI-enabled, end-to-end analysis tool for
CCTA interpretation (Central Illustration). This approach accurately
and rapidly quantifies stenosis and CAD-RADS category when compared
to L3 expert consensus. The AI approach identified a wide range of
atherosclerosis plaque volume and plaque composition in all coronary
arteries and their branches. Use of this FDA-cleared device as a clinical
decision support tool in combination with enhanced CCTA education
may improve the reproducibility of CCTA interpretation in various
clinical and investigational settings. The results of this study provide an
important foundational platform for future research in AI-guided
atherosclerosis evaluation across a wide spectrum of disease and patients.
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